We introduce a new approach to image super-resolution. The idea is to use a simple wavelet-based linear interpolation scheme as our initial estimate of high-resolution image; and to intensify geometric structure in initial estimation with an iterative projection process based on hard-thresholding scheme in a new angular multiselectivity domain. This new domain is defined by combining of laplacian pyramid and angular multiselectivity decomposition, the result is multiselective contourlets which can capture and restore adaptively and slightly better geometric structure of image. The experimental results demonstrate the effectiveness of the proposed approach.
Introduction
In most digital imaging applications, high-resolution images or videos are usually desired for later image processing and analysis. The desire for high resolution stems from two principal application areas: improvement of pictorial information for human interpretation; and helping representation for automatic machine perception [1, 2] . Image resolution describes the details contained in an image, the higher the resolution, the more image details [1, 3] . Super-resolution is techniques that construct highresolution images from several observed low-resolution images, thereby increasing the high-frequency components and removing the degradations caused by the imaging process of the low-resolution camera. The basic idea behind super-resolution is to combine the non-redundant information contained in multiple low-resolution frames to generate a high-resolution image. The superresolution (SR) reconstruction of a digital image can be classified in many different ways: SR in spatial domain [4, 5] , SR in the Frequency Domain [6, 7] , Statistical Approaches [8, 9] , and Interpolation-Restoration [1, 10] . In this last context, can be distinguished two categories, linear and nonlinear interpolation methods.
Linear interpolation methods, such as bilinear, bicubic and cubic spline [11, 12] , edge-sensitive filter [13] , blurring and ringing effects because they do not utilize any information relevant to geometric structure of image [14, 15] . Nonlinear interpolation methods incorporate more adaptive image models and priori knowledge which often improve linear interpolators. Many approaches have been designed for addressing this task in recent years. We may cite for instance, Soft-decision Adaptive Interpolation (SAI) [16] , Sparse Mixing Estimators (SME) [17] , Iterative Projection [18] , ··· The SAI approach has been improved by Zhang and Wu, by using an interpolator adapted to local covariance image based on autoregressive image models optimized over image blocks. This approach can be more accurate, it is much more demanding in computation and memory resources. The SME approach proposed by Mallat and Yu, computes a high-resolution estimator by mixing adaptively a family of linear estimators corresponding to different priors. Sparse mixing weights are calculated over blocks of coefficients in a frame providing a sparse signal representation. Mueller and Lu have proposed an iterative interpolation method based on the wavelet and contourlet transforms [19, 20] . In this approach, the contourlet transform improves the visual quality of resulting images, by intensification of the geometric structure on the wavelet linear interpolation. This geometric structure is well represented by contourlets with variable angular selectivity [21] . However, the contoulets represent the image geometry with the same angular selectivity [19, 20] . In order to overcome this limitation of representation of geometric structure in this iterative approach, we have increased the sensitivity of angular selectivity of contourlets. Our idea is based on a simple wavelet-based linear interpolation scheme as our initial estimate; and an iterative projection process based on hard-thresholding scheme in a new angular multiselectivity domain. This new domain is defined by combining of laplacian pyramid and an angular multiselectivity decomposition. The result is new multiselective contourlets, which can represent the different structures of the image geometry.
The paper is organized as follows. In Sections 2 and 3, we discuss the new multiselective contourlets, and we will show how these multiselective contourlets can provide a new degree of freedom to describe adaptively the different structures of the image geometry. Our multiselective contourlets algorithm for image super-resolution is described in the Section 4. We report the results of our experiments in Section 5 and conclude the paper in Section 6.
Laplacian Pyramid
The Laplacian Pyramid was first proposed in [22] as a new technique for compression image. To achieve high compression, it removes image correlation by combining predictive and transform coding techniques.
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In the Laplacian Pyramid decomposition at each level the original image happens in a high-pass and a low-pass filters, the resulting is a downsampled low-pass version of the original image, and of difference between the original image and the prediction.
Under certain regularity conditions, the low-pass filter g in the iterated uniquely defines a unique scaling LP function that satisfies the following two-
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We compare the high-resolution images obtained by the proposed method with those obtained by wavelet linear [28] , interpolation bicubic [29] , contourlet transform [18] , soft-decision adaptive interpolation (SAI) [16] , and sparse mixing estimators (SME) [17] . In the experiments, we use five scales J = 5, and five selectivity level 4) Return to step 2 and keep iterating, until the generated images converge or a predetermined maximum iteration number has been reached. Mandril (Figure 3) . Gauss disc image includes regular regions, Lenna and Boat include both fine details and re regions separated from sharp contours. e details. Straws image contains directional patterns that are superposed in various directions. To show the true power of the interpolation algorith polated the result back to its original size.
Numerical Experiments
The performance measure used was the Peak Signal to Noise Ratio (PSNR), A good high-resolution method must maximize the PSNR. Table 1 gives the PSNRs generated by all methods for the images in Figure 3 . Figures 4 and 5 compare the high-resolution image obtained by different methods. Bicubic interpolations produce some blur and jaggy artifacts in the zoomed images, but the image quality is lower than with SME and SAI methods, as shown by the PSNRs. The Contourlet method yields almost the same PSNR as a bicubic interpolation but often provides better image quality. It is able to restore the geometrical structures (see Lenna's hat and gauss disc zoom) when the underlying contourlet vectors are accurately estimated. However, when the approximating contourlet vectors are not estimated correctly, it produces directional artifact patterns, because the contoulets represent the image geometry with the same angular selectivity. Contrariwise in our proposed method, the angular selectivity can be adapted locally to the content of the image, which improves its gain in PSNR and its regularity of object boundaries of geometrical structures in the generated images, as shown in Boat and Peppers zooms. 
Conclusion
We have described a new method for high-resolution restoration of image using an iterative projection process based on anti-aliasing wavelet technique, and hard-thresholding scheme in a new multiselective contourlets analysis. This new multiselectve contourlets analysis can capture and restore slightly better regular geometrical structures of image. Experimental results show that the proposed algorithm achieves better super-resolution results than other super-resolution methods in the literature.
ENCES
